The reported numbers of notifiable sexually transmitted infections in Australia are subject to a myriad of biases and limitations, including demographic, clinical, behavioural, and temporal factors. As such, trends in reported diagnosis rates may not reflect trends in true underlying incidence, thereby confounding any direct interpretation of raw notification data for public health research. The development of new methods to determine the true incidence and prevalence of an infection is a critical step for furthering the understanding of disease in the population. Here we devise a statistical model for chlamydia testing, and apply it to routinely available data to estimate the true incidence and prevalence of chlamydia infection within the Australian
Introduction
Sexually transmitted infections (stis) constitute a significant public health issue globally [1] and in Australia [2] . In particular, a number of bacterial infections such as chlamydia, gonorrhoea, and syphilis are of increasing concern due to their direct impact on the health of those infected and their association with an increased risk of acquisition and transmission of other stis such as hiv [3] . In Australia, and indeed worldwide, chlamydia is the most commonly diagnosed bacterial sti [2] , and raw notification rates continue to climb year on year [3] .
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The Australian Government's Second National Sexually Transmissible Infections Strategy 2010-2013 [4] identified reducing the incidence of chlamydia, gonorrhoea, and infectious syphilis as key specific objectives. The National Blood-borne Virus and Sexually Transmissible Infections Surveillance and Monitoring Report 2011 [5] and the HIV, Viral Hepatitis and Sexually Transmissible Infections in Australia Annual Surveillance Report 2012 [6] , produced by the Kirby Institute provide an overview of the public health challenges that stis represent, Australia's approach to surveillance and monitoring, and reports on progress towards reducing their burden.
Given that the incidence and prevalence of an infection are critical epidemiological measures for understanding the transmission and extent of disease in a community, we seek here to develop a statistical framework to estimate the true incidence and prevalence of infection within the Australian population. We apply the model to the available chlamydia data, preview ongoing work to develop the methodology, and outline how our techniques may be extended to a number of other bacterial stis.
Available data
The data on national notifiable disease are subject to a myriad of biases and limitations-demographic, clinical, behavioural, and temporal-confounding their use for direct monitoring of incidence and prevalence trends. Surveillance data, in particular, are generally based on a unknown mixture of voluntary participation in routine, asymptomatic screening programs, and clinical testing at local healthcare providers upon presentation of disease symptoms. Temporal variation in asymptomatic screening rates (owing to the varying effectiveness of public awareness campaigns [7] ) and under-reporting of test results by General Practioners (owing to a lack of awareness or lack of time to invest in completing reporting protocols [8, 9, 10] )-amongst other factors-combine to prevent direct use of raw notification data for public health research, as trends in diagnosis rates may not reflect trends in true underlying incidence. Figure 1 shows the unprocessed ('raw') annualised chlamydia notification and testing counts for Australia in the period 2001-2011. Both notifications (per 100,000 population, by sex) and testing (number by sex funded under the public [Medicare] system) have risen significantly, but it is not immediately clear whether or not true incidence has changed, and if so, even whether it has increased or decreased. Differences, if any, by gender are also unclear.
M63
Of the multiple bacterial stis for which estimates of incidence and prevalence are desired, data on chlamydia infection are the most complete. For diseases such as gonorrhoea and syphilis, reliable and representative data on testing are unavailable through the standard medical reporting systems. An important limitation for the scope of the present investigation is that only annually collated, routine data, with supplemental information sourced from the existing published literature, are available for estimation purposes. New epidemiological surveillance protocols to address shortcomings in data are extremely costly and highly unlikely to be implemented in the near term. Accordingly, we focus here on the development of a method to estimate annual chlamydia incidence, with the hope that findings will prove useful for estimation of incidence for other diseases of interest, particularly the stis, gonorrhoea and syphilis, but also non-stis, such as pertussis [11] , for example. Additional data required to constrain particular components of the statistical model we have developed were sourced from the literature and elicited from experts at the Kirby Institute. Further information on the model construction and fitting is provided in the next two sections. Figure 2 presents a conditional probability model for the detection and reporting of chlamydia infections, from which we estimate the underlying incidence and prevalence rates. Our model maps the possible pathways that an individual may take to be recorded in the National Notifiable Disease Surveillance System (nndss) and so become a 'case', that is, contribute to the M65 diagnosis rate presented in Figure 1 . The following provides an interpretation for the probabilities in the model:
Statistical model
• p inf probability that an individual becomes infected during the year;
• p att|asymp probability that an individual seeks testing given that they do not display symptoms;
• p att|symp probability that an individual seeks testing given that they do display symptoms;
• p test|symp probability that an infected individual who displays symptoms and seeks testing is actually tested;
• p asym probability that an infected individual does not display symptomsstudies indicate that, although most chlamydia infections ( 90%) are asymptomatic, women are significantly more likely to experience symptomatic infections than men [12, cf.];
• p pos probability that an infected individual tests positive to the sti;
• p false pos probability that an uninfected individual returns a positive test to the sti;
• p rep probability that a positive test is reported to the nndss network.
Here a 'bar' on top of a probability in the model in Figure 2 denotes one minus that probability. Several assumptions were made in developing this model.
• The probability that a test returns a positive result for infected individuals, p pos , does not depend on whether or not the individual displays symptoms.
• The probability of asymptomatic individuals attending screening is the same as the probability that non-infected individuals attend screening, p att|asymp (this probability is inferred from the data). • The probability of reporting, p rep , in the model is independent of the medical institute attended and the test outcome, and, moreover, that this rate has remained constant over time (despite campaigns to increase awareness amongst medical practitioners, and updated guidelines [13] ). With minimal supplementary data presently available to challenge this assumption we highlight the potential value to our endeavour of future empirical studies to directly monitor clinical reporting practices.
Pathways to a Positive Count in the Australia
• The only probabilities allowed to depend on time are p inf and p att|asymp .
The prior probabilities for the above parameters shown in Table 1 were established through consultation with the Kirby Institute representatives and a thorough search of the epidemiological literature. Importantly, these M67 'nuisance' parameters are not of direct interest and we do not attempt to infer them from the data. Triangular densities were used to represent their priors; the triangular form is particularly useful for elicitation purposes as it is fully characterised by three readily-interpretable parameters: the minimum plausible value, the maximum plausible value, and the most likely value. Marginalising over these nuisance parameters allows us to properly quantify the uncertainty in our incidence estimates. The next section describes how we estimate the two parameters p inf and p att|asymp , targeted by our analysis using the available data on notification and test counts.
Estimating the incidence
Our objective is to estimate the 'true' incidence and prevalence of chlamydia (by age and sex) for a particular year based on application of the statistical model just described to the available nndss and Medicare data. To this M68 end we require posterior estimates of two key parameters (highlighted in red in Figure 2 ): the prevalence itself, p inf , and the asymptomatic screening rate, p att|asymp , in each age-sex cohort. Importantly, we allow these two parameters to vary over time; thus, we estimate p inf and p att|asymp for each single year between 2001 and 2011 (excluding 2006 and 2007 due to missing data) based on the notification counts by age and sex compiled in the nndss, n pos , and the test counts by (more coarsely binned) age and sex compiled through the Medicare system, n tested .
With the prevalence rate in each year represented directly by p inf we make the further assumption that the typical clearance rate of chlamydia infections is exactly one year, such that we may roughly equate incidence with prevalence. This is a crude approximation as the empirical distribution of clearance times shows significant spread (although ∼ 45% of infections should indeed clear within a year [18] ). The non-negligible fraction of infections persisting beyond a single survey year also violates our assumption of independence for p inf year-to-year and across age groups; hence the motivation for our in-progress efforts towards a more sophisticated methodology discussed in Section 6.
For any given set of nuisance parameter values drawn from our priors in Table 1 , one can identify a maximum likelihood estimate for each of p inf and p att|asymp using the statistical model presented in Figure 2 and standard probability theory for the binomial distribution. In particular, we derive the following two well-posed equations:
where A = p rep , B = (1 − p asymp )p att|symp p test|symp , and n tot represents the total population in the given age-sex cohort. Solving simultaneously for p inf and p att|asymp , we find that p att|asymp satisfies the quadratic
where C = n pos /n tot − p false pos n tested /n tot p pos − p false pos .
Taking the positive solution for p att|asymp ,
.
While we have not sought to characterise the precise conditions on the range of nuisance parameters for which there must exist a single positive solution for p att|asymp between zero and one-a important endeavour for future generalisations of our methodology-we can pragmatically confirm that a single valid p att|asymp was able to be recovered in each instance of our subsequent Monte Carlo simulations subject to the specific priors and observed data used in the present study.
Owing to the large sample sizes within each age-sex cohort studied here we take as granted that under uniform priors for these parameters of interest the conditional posteriors of both p inf and p att|asymp given any set of nuisance parameters will be sharply peaked about their maximum likelihood estimates. Thus to estimate the complete posterior distribution in each age-sex cohort in each year we run a standard Monte Carlo simulation, drawing nuisance parameters from our prior (Table 1) and solving for p inf and p att|asymp as given above. This process was repeated ten thousand times in order to obtain a sampling of the posterior from which a point estimate of incidence was recovered from the sample median, and 95% intervals recovered via the 2.5% and 97.5% quantiles of incidence values generated. An estimate of total incidence in a given year may be obtained by multiplying our rate estimate, p inf , by the size of the Australian population in that year as sourced from the Australian Bureau of Statistics [19] . All computations were performed in the statistical software package R [20] . Strikingly, while the raw data ( Figure 1) shows significantly higher notifications amongst the female population and a similarly increasing trend in notifications for both males and females, we infer that true incidence is higher amongst males in this age group and that rates have essentially plateaued since 2008. Our model-data comparison identifies sharply rising screening rates for young women, as well as the (prior-specified) difference between the fractions of asymptomatic infections in men and women, as primarily responsible for shaping the observational data in this regard. The confounding effect of this increase in the screening rate is responsible for the increased uncertainties in our p inf estimates from 2008 onwards.
Results

Discussion
We have developed a statistical model to estimate the annual incidence of chlamydia infections in Australia given only a passive, routine surveillence dataset consisting of national notification and test counts by age group and sex. Our model maps out the possible pathways for an individual who becomes infected with chlamydia to appear in the notifications data. Uncertainty in the various nuisance parameters of our model was incorporated via statistical distributions determined through literature review and expert elicitation, and we used Monte Carlo simulations from these distributions to assess the corresponding uncertainty of our incidence estimates by calculating approximate 95% credible intervals.
Our analysis suggests that the 'true' underlying incidence of chlamydia in Australia (across all age groups) has been increasing over the past decade, from a rate of 1,800 (1,200, 2,400) per 100,000 in 2001 up to 3,200 (2,600, 3,800) per 100,000 in 2011. These values and the increasing trend stand in stark contrast to the 'naive' estimates obtained by simply dividing the number of M72 notifications by the number of tests in a given year (and adjusting for the size and sex-ratio of the Australian population): 11,000 per 100,000 in 2001 dropping to 9,000 per 100,000 in 2011.
The application of our statistical model, by allowing the two competing effects of increasing testing rates and increasing incidence to be disentangled, has provided one of the first population level measures of incidence of chlamydia in Australia. Of note, this estimate aligned well with the pre-existing expectations of the Kirby Institute representatives.
Some of the authors are continuing a collaboration with the Kirby Institute to further the methodological developments for chlamydia monitoring considered in this paper. In that work a fully Bayesian analysis is being considered, where a simulation-based Approximate Bayesian Computation approach is used to faithfully keep track of the (presently ignored) population of year-to-year uncured infections which induce a degree of correlation in the notification counts over time and between age cohorts. With our extended model we also now allow the data to properly update the nuisance parameters, place slightly more informative priors on the p inf and p att|asymp model parameters, and dispense with our crude approximation of equality between incidence and prevalence rates.
Finally, to consider other bacterial stis, such as gonorrhoea and syphilis, requires either additional data sources on testing rates to be made available or additional inference steps to be made. In the absence of complete national test count data one possible approach would be to develop a model for the expected correlation between the (available) chlamydia test count and the test counts for these less common stis-these being routinely co-tested in high risk groups and as follow up after positive chlamydia notification in lower risk groups.
